This study examines option market liquidity using Ivy DB's OptionMetrics data. We establish convincing evidence of commonality for various liquidity measures based on the bid-ask spread, volumes, and price impact. The commonality remains strong even after controlling for the underlying stock market's liquidity and other liquidity determinants such as volatility. Smaller firms and firms with a higher volatility exhibit stronger commonalities in option liquidity. Aside from commonality, we also uncover several other important properties of the option market's liquidity. First, information asymmetry plays a much more dominant role than inventory risk as a fundamental driving force of liquidity. Second, the market-wide option liquidity is closely linked to the underlying stock market's movements. Specifically, the options liquidity responds asymmetrically to upward and downward market movements, with calls reacting more in up markets and puts reacting more in down markets. 
option market is still lacking or, at best, merely starting. Insofar as the ultimate goal is to determine how much premium illiquidity and illiquidity risk command, the first step is to study the liquidity characteristics and to investigate whether there exists an illiquidity risk. This is the focus of the current paper. We contribute to the literature by demonstrating the existence of illiquidity risk or liquidity commonality in the option market and by unveiling other important liquidity characteristics for options.
Using data from Ivy DB's OptionMetrics for the period from January 1, 1996 to December 31, 2004, we demonstrate strong evidence of liquidity commonality in the option market for such liquidity measures as the bid-ask spread, volume, and price impact. The commonality remains after controlling for the impact of the underling stock market and the individual determinants of liquidity such as volatility. Moreover, we find a sizeeffect and a volatility-effect in commonality, especially for the spread measure: Smaller firms and firms with a higher volatility exhibit stronger commonalities in liquidity.
Other than commonality, we also uncover several other important liquidity characteristics for the option market. First, employing various proxies and through different tests, we find that information asymmetry plays a much more important role than inventory risk as a driving force of the option market liquidity. One piece of supporting evidence is the positive correlation between changes in the bid-ask spread and the trading volume, in contrast to the more intuitive negative relation for stocks. Our findings are consistent with the notion that informed traders tend to trade in the option market (Black, 1975; Easley et al., 1998; Pan and Poteshman, 2006) and that market-makers infer information from volumes and protect themselves by widening the spread upon seeing an increase in the trading volume (Easley and O'Hara, 1992; Kim and Verrechia, 1994) . Second, the marketwide liquidity is closely linked to the movements of the overall underlying stock market. Specifically, the option market liquidity responds asymmetrically to upward and downward market movements. For instance, the proportional bid-ask spread of calls decreases in up markets and increases in down markets; for puts, the spread remains roughly unchanged in up markets but decreases in down markets. More striking is how call and put options respond differently to the same market movement: Call options' liquidity mostly responds to upward market movements while put options' liquidity mostly responds to downward movements. Our results therefore suggest that options are favored by informed traders to realize their information value and are also the investors' choice to trade in response to general market movements.
The literature on liquidity commonality originated from the seminal work of Chordia, Roll, and Subrahmanyam (2000) (CRS hereafter). They examined 1,169 NYSE stocks and found strong evidence of commonality. Independent of CRS (2000) and using different methodologies, Hasbrouck and Seppi (2001) and Huberman and Halka (2001) also showed the existence of common liquidity factors across stocks. Subsequent studies generally confirmed or rationalized the early evidence. For instance, Coughenour and Saad (2004) demonstrated that the covariation in liquidity is induced on the supply side since each NYSE specialist firm provides liquidity for many stocks and the firm's specialists share the same capital pool and relevant information; Brockman and Chung (2002) , Fabre and Frino (2004) , and Zheng and Zhang (2006) showed that commonality in liquidity also exists in order-driven markets; Brockman et al. (2009) confirmed the existence of liquidity commonality for stocks on 47 exchanges around the world; finally, Domowitz et al. (2005) showed that commonality in liquidity is a manifestation of the co-movements in supply and demand, which, in turn, are caused by the cross-sectional correlation in order types.
The evidence of commonality or covariation in liquidity provides a strong motivation for a more general asset pricing framework. Although the literature is still in its infancy with respect to pricing models that encompass liquidity risk, some promising frameworks have emerged. For equities, P astor and Stambaugh (2003) investigated and confirmed that the market-wide liquidity is a priced state factor; Acharya and Pedersen (2005) proposed a liquidity-adjusted capital asset pricing model and empirically verified the impact of liquidity on asset returns; Sadka (2006) extended the above studies by identifying the component of liquidity risk that can explain asset-pricing anomalies such as momentum and post-earnings-announcement drift; finally, Korajczyk and Sadka (2008) showed that commonality exists for each of the liquidity measures under their consideration and that there indeed exists a priced, aggregate latent liquidity factor across all measures. As for derivatives, C -etin et al. (2004, 2006) and Jarrow and Protter (2007) developed an option pricing framework that incorporates both the price risk and the liquidity risk, the latter of which is modelled as a stochastic supply curve. C -etin et al. (2006) showed that liquidity costs could account for a significant portion of the option price. 1 The importance of liquidity in asset pricing is not without doubters. Some researchers have presented evidence that questions the effectiveness of liquidity in explaining crosssection returns. For instance, Hasbrouck (2006) estimated the effective cost of trading using daily close prices and showed that a stock's return covariation with the market liquidity is not a determinant of expected returns. Reconciling with the findings of the above-mentioned studies, he tempered his conclusion by pointing out the potential importance of other liquidity measures such as the trading volume. Spiegel and Wang (2005) compared the contributions of idiosyncratic risk and liquidity in explaining the cross-sectional patterns in stock returns. They found that stock returns are increasing in both idiosyncratic risk and illiquidity, but that idiosyncratic risk plays a more dominate role and it often eliminates illiquidity's explanatory power. Our study is not about the pricing of illiquidity risk in options; rather, we take the first step toward that direction by demonstrating the existence of liquidity commonality.
The rest of the paper is organized as follows. In Section 1, we describe the data and define the liquidity measures. Section 2 presents the main results concerning commonality. Section 3 demonstrates other liquidity characteristics of the option market. Section 4 concludes the paper.
Data and liquidity measures

Data
The main data source is Ivy DB's OptionMetrics, which covers all exchange-traded options on U.S. stocks. The sample period is from January 1, 1996 to December 31, 2004. Among other things, the database provides end-of-the-day bid and ask quotes, open interest, volume, delta, and implied volatility for all options (the last two items are calculated via a binomial tree with a constant interest rate). For the underlying stocks, the database provides the daily high/low/close prices and trading volume. The bid and ask quotes for stocks are retrieved from TAQ (Trade and Quote). For each stock, we take the average bid/ask price in the last 5 min of trading as the end-of-the-day bid/ask price.
The option data are screened in the following way:
Observations associated with a zero trading volume are deleted (OptionMetrics provides quotes even when the option is not traded). Furthermore, to avoid the undue impact of very small trades, we delete options that have five or fewer contracts traded.
To ensure the representativeness of the sample, we avoid options whose maturity is too short or too long. Specifically, options with a maturity shorter than nine days or longer than 365 days are deleted.
To avoid potential pricing structure issues associated with the deep in-the-money and deep out-of-the-money options, we delete options whose moneyness (defined as the exercise price divided by the stock price) is outside the range of ½0:9; 1:1.
To minimize the impact of tick size on bid-ask spreads, we delete observations where the bid is lower than $0.125 or $1=8. Prior to 2001, the tick size was $1=16 and $1=8, respectively, for option prices below and above $3; after 2001, the corresponding tick size was $0.05 and $0.10, respectively. Therefore, our screening criterion is conservative.
Once the above criteria are met, we screen the sample further by keeping only those stocks that have an option listing at both the beginning and the end of the year. Moreover, we delete stocks that have fewer than 500 option observations within a calendar year. The count is over all options available in the year. The goal is to have at least two observations a day on average to facilitate time-series analyses.
Once the option file is created, we merge it with the corresponding stock file that contains the bid/ask quotes, the closing price, and the trading volume. The resulting dataset contains on average about 620 stocks each year. The total number of distinct stocks in the entire sample that meet all the screening criteria is 1,589. (2000) used five liquidity measures, two of which are based on transaction prices and one on the guaranteed quantity associated with each quote. Since we have neither the transaction price nor the guaranteed quantity for each quote, we are left with only the first two measures used in CRS (2000): the dollar bid-ask spread and the proportional bid-ask spread. The panel nature of the option data rules out the dollar bid-ask spread as a liquidity measure, since an out-of-the-money option will have a smaller bid-ask spread than its in-the-money counterpart and this smaller spread in no way indicates better liquidity. In the end, we can adopt only one of the five measures used in CRS (2000): the proportional bid-ask spread. For stocks, we have only one observation per day; for options, we calculate a volume-weighted average of the proportional spreads within each day and use this average to conduct time-series analysis.
Liquidity measures
CRS
For completeness, we also include several measures used in other studies. In particular, we include contract volume and dollar trading volume as transaction-based measures (Mayhew et al., 1999; Hasbrouck and Seppi, 2001; Kalodera and Schlag, 2004 ) and Amihud's ILLIQ as a price impact measure (Amihud, 2002; Acharya and Pedersen, 2005) . Again, for stocks, we have only one observation per day. For options, the contract volume is the total number of options traded during the day; the dollar trading volume is the midpoint of the bid and ask quotes times the volume summed over all the options within the day. We create two versions of the ILLIQ measure: the absolute ILLIQ (AILLIQ in short) and the percentage ILLIQ (PILLIQ in short). For stocks, AILLIQ (PILLIQ) is the absolute (percentage) change in daily closes divided by the dollar volume. For options, the AILLIQ and PILLIQ measures are constructed similarly with the following two modifications: (1) the daily change in option prices is adjusted by the option's delta times the change in the stock price (i.e., on the first order, we remove the part of option price change purely due to the change in the underlying stock price); and (2) we use the trading volume of each option to arrive at a volume-weighted average for each measure. Panel A of Table 1 defines and describes the five liquidity measures used in this study.
Summary statistics
The last three panels of Table 1 report the summary statistics. Panel B contains the mean, median, and standard deviation for each measure over the entire sample. For each measure, we first calculate the time-series average for each stock and then average across all stocks. The mean, median, and the standard deviation are from the cross-sectional calculations. Panel B shows that the average percentage bid-ask spread and the standard deviation are both smaller than what CRS (2000) reported. CRS (2000) included all intraday quotes for the calendar year 1992, whereas we use the day-end quotes for a nine-year period. The average percentage bid-ask spread is 13.44% for options, much larger than its stock counterpart of 0.81%. Compared with put options, call options have a smaller bid-ask spread and a larger trading volume in terms of both the mean and the median. Similar observations also apply to AILLIQ and PILLIQ. On the basis of per-dollar trading volume, the price impact is smaller for calls.
2 Thus, the overall statistics point to a relatively higher liquidity in call options, which is consistent with the stylized fact that, on average, more calls are being traded than puts.
Panel C of Table 1 reports the average correlations among the liquidity measures for calls and puts. As in Panel B, we first calculate correlations using time-series data for each stock and then average the correlations across stocks. To gauge the significance of each average correlation, we report the t-value for the average, as well as the percentage of correlations sharing the same sign as the average itself. Several observations are in order. First and foremost, judging by the t-values, the correlations are significantly different from zero and, judging by the percentage, the sign is consistent among the vast majority of stocks. Second, the correlation structure appears identical for calls and puts. In other words, between each pair of measures, the correlation is of roughly the same magnitude for calls and puts. Third, not surprisingly, the highest correlation is between the contract volume (VOL) and the dollar volume (DVOL). The second highest correlation is between the two price impact measures, AILLIQ and PILLIQ. The percentage bid-ask spread (PBA) is correlated more with the price impact measures than with other measures. Fourth, as expected, the PBA measure is negatively correlated with the volume measures and positively correlated with the price impact measures. Naturally, the volume measures
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All the aforementioned differences are statistically significant. We tested the hypothesis that the mean of a liquidity measure for calls is larger than that of puts and we obtained the following t-values for PBA, VOL, DVOL, AILLIQ, and PILLIQ: À5:570; 5:743; 6:136; À21:959, and À18:892. ; the AILLIQ and PILLIQ measures need to be multiplied by 10 À5 for options and by 10 À9 for stocks). We first obtain the time-series average for each stock and then average across stocks. Panel C reports the average pair-wise correlations between the liquidity measures. For each pair of liquidity measures, we calculate the correlation separately for calls and puts. We first calculate time-series correlations for each stock and then average across all stocks. Each cell in the table contains three numbers, with the upper being the average correlation, the middle the t-value for the average and the lower the percentage of correlations having the same sign as the average. The last column contains the average correlation between the calls and the puts for a particular liquidity measure. Panel D has the same structure as Panel C except that the correlations are calculated for all options combined and the stocks. The t-values in both panels are all significant at the 1% level or higher for two-tail tests and are indicated by Ã.
are negatively correlated with the price impact measures. Finally, the correlation between calls and puts for the same measure (the last column of the table) is not high, indicating that the liquidity dynamics of calls and puts are not identical. In the subsequent analyses, when warranted, we will treat calls and puts separately.
Panel D of Table 1 reports the average correlations and associated statistics for call and put options combined, as well as for stocks. Similar to Panel C, all the average correlations are highly significant and representative of the vast majority of stocks. For the volume and price impact measures, the correlations for stocks appear stronger than those for options; it is the opposite for the bid-ask spread measure. Across markets, volume-based liquidity measures exhibit the highest correlation (shown in the last column of the table), followed by the price impact measures. The two markets have the lowest correlation for the percentage bid-ask spread measure, suggesting that spreads are driven by potentially different factors in the two markets. Nonetheless, the positive correlation is consistent with the derivative-hedge theory proposed by Cho and Engle (1999) , who showed that the market-maker's hedging activity through the underlying market will make the spreads in the two markets positively correlated.
Empirical analysis of liquidity commonality in the option market
Basic evidence of commonality
To detect commonality in liquidity, we follow CRS (2000) and run a time-series, ''market-model'' regression for each stock:
where PL i;t is the daily percentage change of the option's liquidity measure (PBA, VOL, DVOL, AILLIQ, or PILLIQ), PSL i;t is the percentage change of the stock's corresponding liquidity measure, PL m;t ðPL m;tÀ1 Þ is the contemporaneous (lagged) daily percentage change of the option market's liquidity measure (equal-weighted average of all stocks' liquidity except the stock in question), X is a vector of control variables including the stock's contemporaneous return, the level and percentage change of the firm return squared, and the 30-day implied volatility of the S&P 500 index options, YearDummy j;t is a year-dummy capturing potential time variation in liquidity (as noted by Chordia et al., 2001) , and PSL res m;t ðPSL res m;tÀ1 Þ is the corresponding contemporaneous (lagged) percentage change of the stock market's liquidity measure, projected on the option market's, i.e., it is the residual from the following regression:
where PSL m;t is the stock market's liquidity measure. Unlike CRS (2000), we do not include the market return in (1) since we do not use effective spreads or transaction prices and the potential correlation between spreads and the market return is not a concern; moreover, we only include lagged terms in market liquidity measures since this specification is easy to interpret and our preliminary results indicate that the lead terms are insignificant anyway. The stock's own liquidity measure is used to capture the positive correlation between the liquidities of options and the underlying stock due to hedging demand. Thus, any commonality we find in the options market will be a pure option market phenomenon. We include the orthogonalized stock market liquidity to control for the potential covariation between the option market's liquidity and the stock market's. The stock's return is included to capture its potential influence on options liquidity through channels other than the hedging demand. The stock's return squared and the 30-day implied volatility of the S&P 500 index options capture the stock's instantaneous volatility and investors' assessment of the overall market's volatility. We allow for potential impacts coming from both the volatility level and its changes.
We run the regression in (1) for all stocks and calculate the cross-sectional mean and t-value for each coefficient in the Fama and MacBeth (1973) fashion. We also report the percentage of coefficients having the same sign as the average. For brevity, we only report coefficients for the stock's own liquidity measure ðb 1;i Þ, the option market's liquidity measure (b 2;i and b 2 lag ;i ), and the stock market's liquidity residual (b 3;i and b 3 lag ;i ). We also report the average adjusted R 2 and the statistics for the sum of the contemporaneous and the lagged variables. Table 2 contains the results.
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The regression results reveal strong evidence of liquidity commonality in the option market. When the regression is run for all options combined, the t-value for the contemporaneous commonality ðb 2 Þ is significant at the 1% level for all liquidity measures and most of the individual coefficients are positive (the lowest percentage of positive coefficients is 67.72% for the DVOL measure). For the bid-ask spread measure, the average coefficient and its t-value are 0.863 and 61.90, respectively, and 94.78% of the regression coefficients are positive. By comparison, the corresponding numbers for the stock market from CRS (2000) are 0.791%, 30.09% and 84.26%.
The lagged coefficient ðb 2 lag Þ is much smaller than the contemporaneous coefficient ðb 2 Þ. For PBA, the average lagged coefficient is positive and significant at the 1% level. It is insignificant for the remaining liquidity measures. The sum of the contemporaneous and the lagged coefficients is positive and significant at the 1% level for all liquidity measures.
The evidence is mixed for the covariation between the option market's liquidity and the stock market's. The coefficients for the price impact measures (AILLIQ and PILLIQ) have the right sign, but are mostly insignificant; the coefficients for other liquidity measures are mostly negative. For the spread measure PBA, the t-values are marginal and the negative coefficients are by no means the dominating majority.
Finally, the coefficient for the stock's own liquidity measure is indeed positive, confirming the hedging-demand argument. It is highly significant for the two volume measures. For the price impact measures, the percentage of positive coefficients is actually less than 50%, indicating a positive skew in the distribution of parameter estimates.
For completeness, we perform the analysis separately for call and put options. We use the same specification as in (1) with one modification to the market liquidity definition: For calls, PL m;t ðPL m;tÀ1 Þ is the average of call options only and the same applies to puts. Panels B and C of Table 2 report the results. It is apparent that commonality also exists separately for both types of options. By and large, as far as commonality is concerned, call options and put options exhibit the same properties. For brevity, in the subsequent analysis, we will combine call and put options whenever warranted. Before proceeding to other tests, we perform a check of the reliability of the t-statistics in Table 2 and in some of the tables to follow. The t-statistics are used to infer if the average commonality coefficients are different from zero. For the t-tests to be valid, we need to ensure that the error terms from (1) are independent from one another among stocks. Cross-sectional dependence of the error terms would indicate the omission of common variables in the specification. To perform the check, we follow CRS (2000) and do pair-wise, time-series regressions using the error terms. Specifically, we list the stocks by 
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The time-series regression is run separately for each stock and the regression coefficients are averaged across stocks. For brevity, we only report the coefficient and the statistics of the stock's own liquidity measure ðPSL i;t Þ, the contemporaneous and the lagged variables for the option market liquidity (PL m;t and PL m;tÀ1 ), and the residual variables for the stock market liquidity (PSL res m;t and PSL res m;tÀ1 , which are from regression PSL m;t ¼ a 0 þ a 1 PL m;t þ e t ). In each time-series regression, the market liquidity is the average liquidity over all stocks other than the stock in question, X is a vector of control variables including the stock's contemporaneous return, the level and percentage change of the stock return squared and the 30-day implied volatility of the S&P 500 index options; YearDummy is a year-dummy variable. The triplet for each entry consists of the average coefficient, its t-value and the percentage of regression coefficients having the same sign as the average. The adjusted R 2 is the average adjusted R 2 of all the time-series regressions. The t-values indicated by Ã are significant at the 5% level or higher for two-tail tests. tickers in alphabetical order (to achieve randomization) and regress the error terms of the first stock on those of the second stock, and so on:
where n is the number of stocks that have residuals from (1). This procedure generates n À 1 pair-wise regressions. This table checks for the potential cross-sectional dependence in the estimation errors resulting from the timeseries regression (1). For each liquidity measure, we use the available observations to do the pair-wise, time-series regression in (3): e iþ1;t ¼ b i;0 þ b i;1 e i;t þ f i;t ði ¼ 1; 2; . . . ; n À 1Þ. For instance, for the percentage bid-ask spread (PBA) measure with call options, there are 1,013 time-series regressions. We randomize the regressions by alphabetically arranging the tickers and regress the time-series regression residuals of stock i on those of stock i þ 1. We thus have 1,012 pair-wise regressions. The slope coefficient and its t-value measure the extent of pairwise dependence. For each liquidity measure, we report the average slope coefficient, the average t-value, and the median t-value for the slope coefficients. We also report the percentage of absolute t-values that are greater than the critical t-values at the 10% level (1.645) and the 5% level (1.960) respectively.
Commonality with size-and volatility-effects
When sorting the commonality coefficients into quintiles by firm size, CRS (2000) found a strong size-effect: Large firms exhibit a much stronger commonality than smaller firms and the relationship is monotonic. CRS (2000) offered some conjectures as to the potential reasons for the size-effect but did not pursue the issue further. To shed some light on this issue for the options market, we use two metrics to do the sorting: the firm size and the implied volatility. To assign a size for each firm/stock, we use the number of shares outstanding from CRSP and the daily stock prices to obtain the daily size measures; we then average them over the entire sample and take this average as the firm size. To assign a stock to an implied volatility quintile, we use the average implied volatility over the entire sample to do the sorting. Once the quintiles are in place, we calculate the statistics in exactly the same way as we did in Table 2 except that they are now quintile specific. We also perform a t-test on the equality of commonality coefficients between the two extreme quintiles and this is done for both the contemporaneous coefficient and the sum of the contemporaneous and the lagged coefficients. Table 4 reports the results.
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When stratified by the implied volatility, the volume-based measures do not exhibit statistically significant differences among quintiles, but the spread and price impact measures do. Specifically, high volatility groups have a much stronger commonality and the relationship is monotonic for PBA and AILLIQ. The results are largely as expected since, no matter whether the underlying driving force behind liquidity is inventory risk or information asymmetry (an issue we will delineate later in the paper), a higher volatility will intensify the impact of either factor within each framework.
When stratified by size, all liquidity measures exhibit a statistically significant size-effect, albeit non-monotonic. For the spread measure and the two price impact measures, smaller firms have a stronger commonality, contrary to what CRS (2000) found, and the difference between the two extreme quintiles is statistically significant either for the contemporaneous and/or the summed coefficient. The volume-based liquidity measures exhibit a reverse pattern: Larger firms have a stronger commonality, especially for the contemporaneous coefficient. Insofar as size and volume are positively related, the trading volume of larger firms should co-move more with the market's when commonality is present. Thus the stronger volume commonality for larger firms is not surprising. More intriguing is the size-effect associated with the spread and price-impact measures. Before offering insights into the size-effect per se, we need to reconcile our results with the findings in CRS (2000) . Since the only common measure used in CRS (2000) and our study is the proportional bid-ask spread, we will only focus on this measure in the remainder of the discussions.
To begin with, we first investigated whether there is a similar size-effect for the stocks in our sample, and the answer turned out to be yes: Smaller stocks have a stronger commonality and the difference between the two extreme quintiles is statistically
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4 In Table 3 , we already ruled out the potential cross-sectional dependence among the error terms from (1) for the entire sample. It is possible that the cross-sectional dependence exists within a subset of the sample such as a particular size quintile or an implied-volatility quintile. To verify this, we repeat the checks for each quintile/ liquidity measure. The results are consistent with those in Table 3 in that no interdependence is found within any quintile. The t-values in Table 4 are therefore reliable. The table containing the results for the error-dependence checking is omitted for brevity but is available upon request. Table 2 . Specifically, after performing the commonality regression in (1) for each stock, we group the results either by the firm size or by the average implied volatility. The firm size is based on the number of shares outstanding and the daily stock prices. We average the firm size over the sample period and use this average to form size quintiles. Similarly, the average of implied volatilities of all maturities and moneyness over the entire sample is used to form the implied volatility quintiles. The regression coefficients are then averaged within each quintile. For brevity, we only report the coefficient and the tvalue of the contemporaneous and the lagged commonality variables for each liquidity measure. We also report the t-values for the test of equality between the contemporaneous coefficients of the smallest and the largest firms (S vs. L: small versus large). Similar t-values are also reported for tests between the lowest and the highest implied volatility quintiles (L vs. H: low versus high). The t-values indicated by Ã are significant at the 5% level or higher for two-tail tests. (2000) found. We then performed the commonality regression and quintile partition year by year for both stocks and options. Interestingly, the observed size-effect for options is basically consistent across years; for stocks, however, the size-effect is consistent with CRS (2000) for the first four years in the data (1996, 1997, 1998, and 1999 ) but turns the other way for the remainder of the sample years (2000 through 2004) . Therefore it follows that the later years in the sample dominate the overall results for stocks. CRS (2000) used one-year data for 1992, a few years prior to the beginning of our sample. Thus it appears that there was a structural change around 1999-2000 as far as size-effect in commonality is concerned. 5 We will leave this issue for future research. The important finding for us is that the size-effect is consistent for options across years.
Why do small firms exhibit a stronger commonality in option spreads? Simply put, smaller firms are more susceptible to inventory risk and information asymmetry. As a result, whenever there is a common movement in the marketplace, the spreads of smaller firms' options tend to co-move more since they respond more to the underlying forces. A full investigation of the liquidity characteristics versus firm size will be carried out in Section 3.1. 
Commonality at the portfolio level
The results so far reveal a strong commonality in all liquidity measures. Recalling from Table 2 , the coefficient for the contemporaneous covariation is significant at the 1% level for all liquidity measures. The explanatory power is quite low, though. When all options are combined, the highest adjusted R 2 is 7.37% for VOL (volume) and the lowest is merely 0.85% for PILLIQ. The highest and lowest adjusted R 2 in CRS (2000) is 1.7% and 1%, respectively. There are two potential reasons for the low explanatory power: the omission of important systematic factors in (1) and/or a significant amount of idiosyncratic liquidity variation. Our error-dependence check in Table 3 largely rules out the omission of systematic factors. To confirm that the low explanatory power is indeed due to the idiosyncratic time-variation in liquidity of individual options, we perform regression analysis at the portfolio level, as in CRS (2000).
Based on the findings in the previous section, we construct size and implied volatility portfolios. The quintile construction follows exactly the same procedure as before. The time-series regression in (1) is then run for each measure and quintile with the following modifications: (1) the market liquidity of each quintile is the liquidity average over all options other than those in the current quintile; (2) all other control variables are calculated at the quintile level; and (3) to allow for potential error correlations among quintiles, for each liquidity measure, we run a set of five seemingly unrelated regressions (SUR) by matching daily observations. Results are in Table 5 . For brevity, we only report the contemporaneous and the lagged coefficients for the market liquidity variable.
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5 Brockman et al. (2009) , using intra-day data from October 1, 2002 to June 30, 2004, for 47 exchanges around the world, also found a stronger commonality for smaller firms. 6 Our overall findings about the size-effect and the implied-volalitility-effect are consistent with Acharya and Pedersen (2005) , who found that smaller stocks and more volatile stocks have more commonality in liquidity and Hameed et al. (2006) , who found that smaller firms and firms with a higher volatility react more to (negative) market movements. 
Portfolios are formed based on either the firm size or the implied volatility of the stock. The firm size is based on the number of shares outstanding and the daily stock prices. We average the firm size over the sample period and use this average to form size portfolios. Similarly, the average of implied volatilities of all maturities and moneyness over the entire sample is used to form the implied volatility quintiles. The above regression is run for quintile portfolios as a set of seemingly unrelated regressions (SUR) in order to account for the error correlations across the quintiles. The market liquidity is calculated using all stocks/options excluding the ones in the quintile. For brevity, we only report the coefficient and the t-value of the contemporaneous and the lagged variables for the option market liquidity (PL m;t and PL m;tÀ1 ). We also report the system-wide R 2 . The t-values indicated by Ã are significant at the 5% level or higher for two-tail tests. Please refer to the text or Table 2 for variable definitions in (1).
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Aside from the fact that the t-value for the contemporaneous market liquidity is highly significant for all cases, the adjusted R 2 improves tremendously for all liquidity measures, confirming the highly idiosyncratic nature of individual option liquidity. The percentage bid-ask measure sees the biggest improvement, going from 1.41% in Table 2 to 79.41% (by size quintiles) or 81.35% (by implied volatility quintiles). The volume measures also see significant improvement. At the portfolio level, the two price impact measures are the least effective.
7 The lagged coefficient is either positive with modest significance or not statistically different from zero, indicating that the few negative lagged coefficients in Table  2 do not reflect market-wide phenomena.
The idiosyncratic nature of options liquidity is also reflected in a simple comparison between the commonalities of the options market and the corresponding stock market. In this comparison, we run the ''market model'' regression in (1) for the two markets separately at the stock level as in Table 2 , except that, for options we omit the stock's own liquidity measure ðPSL i;t Þ and the two residual terms (PSL res m;t and PSL res m;tÀ1 ) and for stocks we replace PL m;t and PL m;tÀ1 by PSL m;t and PSL m;tÀ1 : In other words, we make sure that the two regressions have exactly the same structure. It turns out that the stock market has a stronger commonality than the option market in terms of both statistical significance/ explanatory power (t-value/R 2 ) and the magnitude of the commonality coefficient. 8 As shown in the next section, as an underlying driving force of liquidity in the option market, information asymmetry plays a much more prominent role than inventory risk. By definition, inventory risk tends to be affected by market-wide factors, while information events tend to be firm-specific. Therefore, the dominance of information asymmetry would lead to a relatively larger idiosyncratic component in the variation of options' liquidity or, equivalently, a lower commonality.
Other characteristics of the option market liquidity
Our analyses so far confirm the liquidity commonality in the options market. We now turn to the general characteristics of the option market's liquidity. We first investigate the underlying driving forces of illiquidity: the inventory risk and information asymmetry. We then study how the general market movements affect the market-wide liquidity.
Option liquidity: inventory risk and information asymmetry
In this section, we attempt to uncover the fundamental factors that influence the option market's liquidity: the inventory risk and information asymmetry. CRS (2000) argued that the broad market activity would influence the inventory risk while the extent of information asymmetry will be reflected in the individual trading activities. A higher trading volume would reduce the risk of order imbalance and the market-maker would face a lower inventory risk as a result. In this sense, we expect the liquidity to improve when more options are being traded. On the other hand, the trading pattern of specific
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7 The weak performance of the price impact measures could be due to several reasons, the obvious of which is their model-specific nature. Recall that, when calculating these measures, we use the option's delta and the stock price to adjust the change in the option price, a procedure that is not only model-specific, but is also affected by the potential nonsynchronous nature of option and stock prices.
8 Details of the comparison are omitted for brevity but are available upon request.
options may reflect the extent of information asymmetry on the stock. For instance, some authors (e.g., Barclay and Warner, 1993) suggest that informed traders may hide the information by executing frequent, smaller orders. If so, market-makers would increase the spread in response. Thus, we expect the bid-ask spread to be positively related to the number of trades within a day. CRS (2000) used the average dollar size of a transaction and the total number of trades in a stock as proxies to capture this type of information asymmetry.
In this paper, we use each stock's total option trading volume and open interest to proxy the inventory risk.
9 While the use of trading volume is motivated by the argument of CRS (2000), the idea behind using open interest is that an increase in open interest will increase the chance of order imbalance as well as the inventory level, both of which will lead to a higher inventory risk.
As for proxies for information asymmetry, we have neither the average trade size nor the total number of trades in options. Instead, we use the total number of distinct options (across maturity and moneyness) being traded per day to approximate the number of trades or trading frequency. This proxy is based on the thinking that when informed traders break their orders, they spread them over options with different strike prices and maturities. To ensure the robustness of our results, we develop another proxy for information asymmetry: the volume-weighted average time in days elapsed between two trades. To calculate this measure for each day, we first find out, for a particular option, how many days have elapsed between this trade and the previous trade; we then use today's volumes to calculate a weighted average over all options being traded today. This time-measure of information is motivated by the model of Easley and O'Hara (1992) . Building on the intuition that non-trading itself could bear information signals (e.g., Diamond and Verrecchia, 1987) , Easley and O'Hara (1992) extended the framework of Glosten and Milgrom (1985) and Kyle (1985) by allowing the information events to be uncertain. In their model, traders infer information from trades as well as the absence of trades and, as a result, the intervals between trades may convey information. Their model predicts that spreads will decrease as the time between trades increases.
Since the bulk of the liquidity literature on inventory risk and information asymmetry focuses on the bid-ask spread, we only perform the analysis for the proportional spread measure, PBA. The following multivariate regression summarizes the potential relationship between the bid-ask spread and the proxies and control variables:
where as before, P stands for daily percentage change, SPBA i;t is the stock's own percentage bid-ask spread, T i;t is the number of distinct options written on stock i being traded on day t, TE i;t is the average time in days elapsed between two trades, OI i;t is
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Although not reported here, the results are similar when the aggregate trading volume in the options market is used as a proxy for inventory risk. We use the stock-level option trading volume for sharper results. the total open interest of options for stock i on day t, V i;t ðV i;tÀ1 Þ is the contemporaneous (lagged) trading volume of all options written on stock i, X is a vector of control variables including the stock's return, the level and percentage change of the stock return squared, and the 30-day implied volatility of the S&P 500 index options, YearDummy j;t is a year-dummy and PSV res i;t is the residual from the following regression (in the same spirit as (2)):
where PSV i;t is the percentage change of trading volume of the underlying stock. As in (1), we first run the time-series regression for each stock and then average the regression coefficients. Since the trading volume variables (PV i;t , PV i;tÀ1 , PSV res i;t , and PSV res i;tÀ1 ) are highly correlated with the number of distinct options ðPT i;t Þ and the open interest variable ðPOI i;t Þ, we run two versions of (4) to avoid multicollinearity. In the first version, we drop the volume variables; in the second version, we add back the volume variables but drop the number of distinct options and the open interest variables.
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According to the theories discussed above, we expect b 1;i 40, b 2;i 40, b 3;i o0, b 4;i 40, and b 5;i o0. As shown in the first two columns of Table 6 , the average coefficients for the stock's own spread ðb 1 Þ, the distinct number of options ðb 2 Þ, days elapsed between trades ðb 3 Þ, and open interest ðb 4 Þ all have the expected sign and their t-values are highly significant, confirming the role of information asymmetry (b 2 and b 3 ) and inventory risk ðb 4 Þ. The coefficients of the stock volume residuals (b 6 and b 6 lag ) are negative and significant, seemingly confirming the inventory-risk theory. However, we should not draw conclusions about inventory risk from these coefficients since a higher trading volume in stocks cannot directly help balance orders in the option market. One way to understand the result is via the hedging argument proposed by Cho and Engle (1999) . According to their model, irrespective of how liquid the option market is, as long as the market-makers can hedge their option positions through the underlying stocks, the spread on options should be minimal. In this sense, controlling for other factors, a higher trading volume in the stock will facilitate hedging and hence reduce the spread in options. This is exactly what we observe.
The regression result for the option-volume variable is surprising: The coefficient is positive for both the contemporaneous and the lagged variables and the t-values are highly significant. Here, an increase in trading volume is associated with widening spreads, contrary to what the inventory-risk theory predicts. To be sure that our results are not due to sample selection, we modified (4) by putting the stock's own spread on the left and deleting the trading frequency, days elapsed between trades, open interest, and the residual terms and ran it for the stocks in our sample. We did obtain a significant, negative coefficient for the volume variable. Therefore, the positive relation between the percentage changes in the spread and the trading volume appears to reflect a phenomenon specific to the option market.
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To ensure that the t-values are reliable, a check for potential cross-sectional error dependence similar to Table 3 is performed for each version of the regressions. Similar to the results in Table 3 for the PBA measure, the average slope coefficient is close to zero and the percentage of significant t-values is slightly higher than, but nonetheless close to, what chance would entail. The dependence-checking results are omitted for brevity and are available upon request.
Although intended to proxy inventory risk, the option volume variable may indeed reveal the informational role of options. Many authors (e.g., Black, 1975; Easley et al., 1998) have argued and demonstrated that informed traders may choose to trade options due to their leverage benefit. Pan and Poteshman (2006) corroborated the previous findings and showed that option trading volumes can predict future stock prices. If informed 
where the percentage change of the option's proportional spread ðPPBA i;t Þ is regressed on the percentage changes of (1) the underlying stock's proportional spread ðPSPBA i;t Þ, (2) the number of distinct options ðPT i;t Þ, (3) the average time elapsed between two trades ðPTE i;t Þ, (4) the total daily open interest ðPOI i;t Þ, (5) the contemporaneous and lagged option trading volume (PV i;t and PV i;tÀ1 ) and (6) the contemporaneous and lagged stock trading volume projected to the option trading volume (PSV res i;t and PSV res i;tÀ1 , which are from regression PSV i;t ¼ a 0 þ a 1 PV i;t þ e t ). Refer to the text or Table 2 for the definition of the vector of control variables X and the dummy variables. The regression coefficients are averaged across all stocks. We also report the sum of the contemporaneous and lagged coefficients and its statistics. Each entry consists of the average coefficient and its t-value. The adjusted R 2 is the average adjusted R 2 of all the time-series regressions. In Regression 1 we drop the volume variables, and in Regression 2 we drop the distinct number of options and the open interest variables. For Regression 2, we further split the sample according to firm size and trading volume. The t-values indicated by Ã are significant at the 5% level or higher for two-tail tests.
traders use the option market to realize the information value as argued by these authors, then it is logical that market-makers react to volume changes. To be more precise, an increase in trading volume suggests the arrival of new information (Easley and O'Hara, 1992) and the market-makers would then widen the spread to protect themselves against potential losses. Some authors (e.g., Diamond and Verrecchia, 1991; Easley et al., 2002) have argued and empirically shown that information asymmetry is more severe for small firms. If the information asymmetry is indeed more pronounced with small firms and informed traders use options to realize the information value, then for smaller firms we should see a bigger coefficient for the volume variable. To verify this, we perform subsample analyses by firm size. The results in the two middle columns of Table 6 confirm our prediction. The average coefficient for the contemporaneous volume variable ðb 5 Þ of small firms is more than twice that of large firms. The other information asymmetry variable, the days elapsed between two trades, also confirms the stronger role of information in affecting the spreads for smaller firms. The t-values for the test that the coefficient of smaller firms is larger than that of larger firms (in magnitude) are 2.605, 5.444, and 3.326, respectively, for b 3 , b 5 , and b 5 þ b 5 lag .
For the two inventory risk proxies, the option volume variable turns out to convey information asymmetry while the open interest variable has the smallest t-value relative to information asymmetry proxies in Regression 1. These two observations indicate a stronger role of information asymmetry in determining the spreads. To offer some additional support to this conclusion, we now explore further the dynamics between the spread and the volume. In the framework of Easley and O'Hara (1992) , both the current level and the history of volumes play a role in determining the spread. Specifically, a higher volume leads to a higher probability of new information and hence a wider spread; a streak of low volumes followed by a spike also indicates the likely arrival of new information, which causes the market-maker to widen spreads. In a model that links accounting disclosures to information asymmetry, liquidity, and trading volume, Kim and Verrechia (1994) also showed that an increase in trading volume may actually be accompanied by widening bid-ask spreads due to intensified information asymmetry. Similar findings were also reported by Lee et al. (1993) . The above insights imply that the informational effect (i.e., changes in volume) on spreads would be more severe on low-volume days. The reasoning is as follows. When the overall volume is already high (which could be driven by non-informational events such as directional trading), the incremental impact on spreads of a further increase in volume is likely to be small; besides, the increase in volume could be driven by the same non-informational event, which should not have major impacts on spreads. In contrast, when the overall volume is low (which indicates the absence of new information), a sudden increase is most likely due to the arrival of new information, which would bring about a bigger impact on the spreads.
To confirm the above prediction, we run another two sets of Regression 2, one for lowvolume days and the other for high-volume days. To partition the sample according to volume, we first calculate the daily average volume for each stock within each calendar year; we then subtract this average from the daily volume to obtain a deviation; and finally we use this deviation to assign a particular day's observation to either the ''low-volume'' sample or the ''high-volume'' sample, depending on if the deviation is negative or positive. The last two columns of Table 6 contain the results. Our predictions are confirmed with overwhelming statistical significance. For the two information asymmetry variables (b 3 and b 5 ), the t-values are much larger in magnitude on low-volume days than on high-volume days. The t-values for the test that the coefficient on low-volume days is larger than that of high-volume days (in magnitude) are 4.432, 20.367, and 17.799, respectively, for b 3 , b 5 , and b 5 þ b 5 lag .
Taken together, the results in Table 6 clearly suggest that, compared with inventory risk, information asymmetry plays a much more important role in influencing the option market's liquidity. Our results are consistent with the notion that informed traders tend to trade in the option market and, to the extent that market-makers infer information contents from volumes, an increase in volume actually brings about the widening of bid-ask spreads. 
Market-wide liquidity versus market movements
Several studies relate market-wide liquidity to the direction of market movements. Chordia et al. (2001) found that the aggregate market spread responds asymmetrically to up and down market movements. The percentage spread declines modestly in up markets and increases significantly in down markets. They attributed this phenomenon to marketmakers' increased aversion to inventory risk in down markets. Other authors (e.g., Amihud, 2002) have also found a link between market return and market illiquidity.
Motivated by these findings, we would like to see (1) whether the option market's liquidity also responds asymmetrically to upward and downward market movements and (2) whether calls and puts behave differently when liquidity reacts to market movements. For completeness, we also examine the corresponding stock market's liquidity. In their analysis of market liquidity for stocks, aside from market-direction variables, Chordia et al. (2001) also included some macroeconomic variables to capture the impact of economywide information on liquidity. Since our focus is on options and on the impact of market movements, we run a simplified version of the regression. Specifically, for stocks, we run the following regression:
where PSL m;t is the daily percentage change of the market liquidity (equal-weighted average of individual stocks' liquidity), R Information events such as earnings announcements may intensify the response of spreads to asymmetric information. We re-ran (4) by adding dummy variables that are the product of the information proxy and the dummy for the earnings announcement period ranging from 5 to 10 days, either before or after the announcement day. We did not obtain significantly positive coefficients for the dummy variables regardless if the event period is before or after the quarterly earnings announcement. This may be due to the lack of power: There are only four announcements a year and many stocks do not have options for the entire sample period. Nevertheless, as in Amin and Lee (1997) , we did find higher volumes a few days prior to earnings announcements and widening spreads shortly after the announcements.
changes. The setup in (6) is motivated by the inventory argument (Chordia et al., 2001 ) and the market volatility variables allow for potential impacts of volatility on the market-wide inventory risk.
For options, we run a pooled version of (6) for calls and puts. Specifically, we calculate the market liquidity separately for calls and puts and further dichotomize the market movement variables (R m;t takes the value of zero when the observation is for calls and so on. Since the dependent variable measures the change of the market-wide liquidity, the error terms in (6) are likely to be autocorrelated. The Durbin-Watson statistics from the OLS estimation of (6) are significantly different from 2, confirming the autocorrelation in the error term. To combat this problem, we estimate (6) via generalized least squares using the Yule-Walker method by allowing for three lags in the error term. Table 7 contains the results.
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We first examine the results for stocks. To begin with, the negative sign of b þ 1 for the spread measure PBA is consistent with the findings of Chordia et al. (2001) and Hameed et al. (2006) . However, our b À 1 is positive, albeit insignificant. One possible explanation is that our PBA is calculated using the average intra-day bid and ask quotes over the last 5 min of trading each day, while the spread in the above two studies is averaged over all intra-day quotes during the day. This perhaps also partly explains why our adjusted R 2 is close to zero. We should therefore treat our results for PBA with caution. Nonetheless, our results for the volume measures (VOL and DVOL) are consistent with those in Chordia et al. (2001) : The overall volume goes up when the market moves in either direction contemporaneously (measured by R þ m;t and R À m;t ), and it goes down when the market moves in either direction in the recent past-over the past five trading days (measured by R þ 5m;t and R À 5m;t ). The price impact (AILLIQ and PILLIQ) becomes larger as long as the market moves in either direction contemporaneously; the reverse is true for market movements over the last five trading days. There is clear evidence of reversal in the liquidity's response to market movements.
The results for options are quite interesting. For the spread measure PBA, the option market liquidity does respond asymmetrically to upward and downward market movements. For calls, b More intriguing is the difference in response of call and put options to the same market movement, observed with all liquidity measures except for PILLIQ. This striking feature is reflected by the boxed coefficients and t-values in Table 7 . Let us take PBA as an illustration. In up markets, the percentage spread for calls decreases while that for puts decreases slightly and the response of call options' spread is much stronger as reflected in both the size of the coefficient b þ 1 and its t-value. In down markets, the reverse is true.
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For some liquidity measures, incorporating one or two lags in the error term is sufficient. We use three lags across the board for consistency. Moreover, an alternative regression for options was also run in which the fiveday historical volatility was replaced by the 30-day average implied volatility of the S&P 500 index options. Results are similar. The results are also robust to alternative specifications of the market index: either the equalweighted CRSP index or the S&P 500 index. Table 7 Market-wide liquidity versus market movements.
Similar observations also apply to VOL, DVOL, and AILLIQ and the contrast is even more striking: Not only are the coefficients drastically different for calls and puts corresponding to the same market movement, the response is also completely one-sided in that calls only respond to upward movements while puts only to downward movements. The results are also internally consistent among different liquidity measures. In up markets, the contract volume (VOL) and dollar volume (DVOL) increase for calls, reflecting more active trading; the percentage spread (PBA) and the price impact (AILLIQ) decrease for calls, again reflecting a better liquidity. The same phenomenon is observed with put options in down markets.
Clearly, call options are more active and more liquid in up markets while put options are more liquid in down markets. Numerous studies (e.g., the most recent one by Lakonishok et al., 2007) have found that call options generally dominate put options in both open interest and trading volume. Supplementing this finding, we show a directional feature of the trading pattern for calls and puts.
Equally interesting are the higher R 2 and the much larger and more significant coefficients (b Table 7 seem to indicate that options are also favored when investors trade in response to general market movements.
Finally, we see a general reversal in liquidity responses to market movements when we extend the horizon to five trading days, broadly consistent with what Chordia et al. (2001) observed for the stock market. In a recently rising market ðR þ m5;t Þ, call options tend to see a decreasing volume and an increasing spread while put options experience the reverse; in a recently falling market ðR À m5;t Þ, call options tend to see a slightly increasing volume and a narrowing spread. One potential explanation is as follows. Take the recently rising market as an example. When the market sees an initial upward movement ðR þ m;t Þ, both the speculative and the hedging related demands go up, leading to a higher volume and reduced spread (market-makers profit from a higher volume by ''discounting the spread''). As the upward trend continues, market-makers exhaust their inventories and start charging a higher spread for compensation, which in turn leads to declining volumes. Regardless of the intertemporal dynamics of liquidity, our results demonstrate convincingly that call and put options respond to the same market movement in opposite ways.
Conclusion
Liquidity and its impact on asset prices have become a major focus in the academic literature. Most studies focus on liquidity properties for individual securities in isolation. Recently, some studies have emerged that examine the covariation or commonality in liquidity in the stock market. Arguably, identifying and understanding liquidity covariation is the first step toward building an asset pricing model encompassing liquidity risk. In this sense, there exists a large gap in the literature on option market liquidity, for there are no studies that examine the liquidity commonality for options. The current paper is the first step towards filling this gap in the literature by examining commonality and other liquidity characteristics for the option market.
Using data from Ivy DB's OptionMetrics covering the period from January 1, 1996 to December 31, 2004, we establish convincing evidence of liquidity commonality in the options market for a variety of liquidity measures. The commonality remains after removing the impacts of the underlying stock market and other liquidity determinants such as volatility. Liquidity commonality in options is stronger with smaller firms and more volatile stocks, indicating the existence of a size-effect and a volatility-effect.
Aside from commonality, this study also uncovers several important features of the option market liquidity. To begin with, information asymmetry plays a far more important role than inventory risk as a fundamental driving force of liquidity. Besides the larger t-values for the information asymmetry proxies in the regression analysis, an important piece of supporting evidence is the positive relation between the changes in bid-ask spread and volume, contrary to the negative relation observed with stocks. Our results support the previous finding that informed traders may choose to trade in the option market (Black, 1975; Easley et al., 1998; Pan and Poteshman, 2006) . The results also support the notion that volumes also convey information and market-makers tend to protect themselves by widening the spread upon seeing an increase in the trading volume (Easley and O'Hara, 1992; Kim and Verrechia, 1994) .
Another feature is the linkage between the options' market-wide liquidity and the movements of the overall underlying stock market. There are two interesting findings in this regard. First, the option market liquidity responds asymmetrically to upward and downward market movements. For instance, call options' liquidity improves in up markets and deteriorates in down markets. Second, the liquidity of call and put options behaves differently during the same market movement, with call options' liquidity mostly responding to upward movements, while put options' mostly responding to downward movements. Therefore, options are not only favored as informational trading tools, but they are also used as directional trading tools.
This study serves as a first step toward understanding the overall property of the option market liquidity. It opens up several avenues for future research. One natural extension would be a cross-sectional study concerning the pricing of liquidity risk in options. Another area would be the in-depth examination of potential structures in options liquidity, especially with respect to moneyness and maturity buckets.
